only 26 to 38% of the yield variation among genotypes. The model, using input traits measured from the 1997 data, did not accurately basis of studies of physiological yield-component traits predict growth of genotypes in 1996 because some traits varied with (Peng et al., 1994) . The need for physiological studies plant N status, which the model did not account for. Model analysis in plant breeding results at least partly from the fact in the high-N environment showed that of the seven model-input traits that yield is a very complex trait controlled by numerous examined, only lodging score, preflowering duration, and fraction of interacting genes. Physiological studies provide a way biomass partitioned to spikes had a significant effect on yield. When to dissect complex traits into simpler components that these three traits were used while fixing others at their across-genotype might be under separate genetic control. means, the model explained 65% of yield variation. To allow effective A promising approach to analyzing yield is the use of use of crop modeling in breeding, the ability of crop models to explain ecophysiologically based crop growth models (Loomis et yield differences among genotypes has to be improved. al., 1979; Boote et al., 1996) . These models have been developed by integrating knowledge across disciplines and are increasingly applied in problem-oriented research T o cope with growing demand for food, new culti- (Boote et al., 1996) . One application is the explanation vars with increased yield potential are required.
of differences in yield potential of genotypes on the Through intensive selection, largely by selecting for basis of individual physiological characteristics and the yield per se on an empirical basis, breeders have been use of this knowledge to evaluate and design new plant successful in increasing crop yield potential. By compartypes (Loomis et al., 1979; Kropff et al., 1995) . In mechaing eight wheat (Triticum aestivum L.) cultivars released nistic crop models, the genotypic expression of genetic between 1962 and 1988, Sayre et al. (1997) reported a characteristics of plants is simulated for a specific envilinear progress in yield potential, with a rate of progress ronment. Physiological parameters in crop models, or against year of release of 67 kg ha Ϫ1 yr Ϫ1 . However, model-input traits, are often referred to as genetic coeffifurther progress has been increasingly difficult and has cients, indicating that these parameters are mainly under genetic control (Stam, 1998) . Using models, many stud-would have been given at a different physiological age for selection environments. For example, Aggarwal et al.
these genotypes), fertilizers were all broadcast at the date of (1997) standing of yield potential. Barley was chosen as a model
MATERIALS AND METHODS The Model Recombinant Inbred-Line Population
The model used in our study, referred to as SYP-BL (simu-A population of 94 RILs was produced by eight generations lator of yield potential for barley), is based on routines for of single-seed descent (i.e., each randomly chosen plant consimulating biomass production in widely used models tributes a single offspring to the next generation) from a cross SUCROS (Goudriaan and van Laar, 1994) and ORYZA1 of commercial two-row spring barley cultivars, Apex and (Kropff et al., 1994) . Prisma. The parents have contrasting morphophysiological
The model quantifies barley growth as affected by radiation, characteristics and Prisma usually outyields Apex (Schut, temperature, and plant N status. Leaf photosynthesis is calcu-1992). Prisma is of shorter stature than Apex, largely due to lated based on radiation flux and specific leaf N [the ratio of the dwarfing allele of a major gene denso. Two denso classes LNC to specific leaf area (SLA)]. The vertical distribution of of genotypes can be unambiguously identified under field conditions, as the dwarfing allele confers a distinctive prostrate pests, diseases, and weeds. To avoid any confounding effect
of split fertilizer application (i.e., an application on a date that both radiation and specific leaf N in the canopy is described Penning de Vries et al. (1989) and Schut (1992) . The fraction of remobilized reserves was estimated from the weight loss by an exponential function. Total daily crop photosynthesis is calculated by integrating instantaneous photosynthesis rates of stems and leaves after maturity (Kropff et al., 1994) . The maximum weight is assumed to occur at flowering for leaves over the LAI and over the day. Daily growth rate is calculated by subtraction of dark respiration rates from daily photosynand at 14 d after flowering for stems (Gallagher et al., 1975; Austin et al., 1980) . thesis rates. The biomass produced is distributed among the organs based on partitioning coefficients that are the function of the development stage (DS). The DS is defined as 0 at
Analytical Approach
emergence, 1 at flowering, and 2 at maturity. Daily developAnalysis of variance was carried out on yield and individual ment rates are assumed to increase proportionally with the traits using the General Linear Model (SAS Inst., 1988) . A effective temperature between 0 and 26ЊC. The model simucovariate was included in the analysis whenever necessary. lates LAI development in two phases. Before canopy closure,
The SYP-BL model was evaluated using both 1996 and LAI increases exponentially as a function of temperature. The 1997 experiments. Model parameters were all estimated from relative growth rate of the leaf area is obtained by linear the 1997 experiment, because of more detailed measurements regression of the log-transformed LAI against the accumuin 1997. As the observed developmental pattern of LNC did lated daily effective temperatures. After canopy closure, the not differ much between the parents, the average pattern of increase in LAI is estimated from SLA and the increase in LNC measured for the parents was used for all RILs, using leaf biomass. Reserve carbohydrates temporarily stored in the observed LNC at flowering as the reference value. leaves and stems are remobilized and added to the assimilates Model analysis was performed to identify critical traits for available for kernel growth. To simulate the effect of lodging, high yield potential. This was achieved by examining yield a new subroutine was developed. As the detrimental effect variation explained by the SYP-BL model when observed of lodging is due to self-shading and reduction in canopy values of a parameter for genotypes were used in the model, photosynthesis (Setter et al., 1997) , a completely lodged canwhile fixing other parameters at their across-genotype mean opy is assumed to be a single big horizontal leaf, and a singlevalue. Results were compared with those from linear regresleaf photosynthesis model is used to estimate assimilates prosion of yield against individual parameters. As FP leaf and FP spike duced by a lodged canopy. Assimilates produced in the actual are DS-dependent, their value at the stage when their genocrop are calculated by linear interpolation between values of typic difference is most evident (Tables 2 and 3 ) was used estimated photosynthesis for normal and completely lodged in regression. canopies, using lodging scores observed at different times.
The model has 10 critical parameters determining genotypic differences: lodging score, preflowering duration (Pre-F),
RESULTS AND DISCUSSION
postflowering duration (Post-F), LNC, SLA, relative growth Yield Differences rate of leaf area, the fraction of remobilized reserves in leaves and in stems, and the fraction of shoot biomass partitioned Yields were generally higher in than in 1996 to leaves (FP leaf ) and to spikes (FP spike ). The fraction of parti-1). There was no yield difference between replicates in tioning to stems is calculated in the model as 1 Ϫ FP leaf Ϫ 1997 (P Ͼ 0.05), but significant differences between FP spike . As root weight was not measured in the experiments, replicates occurred in 1996 (P Ͻ 0.001). This significance biomass partitioning between root and shoot was based on can be explained largely by differences in plant N status, Table 2 ).
N status in 1996 reflected heterogeneity of soil fertility
in the field as applied fertilizer levels were low (Table  1) . and 1997 (P Ͻ 0.001). These differences were greater in 1997 than in 1996 (Fig. 1) , supporting the simulation **, *** Significant coefficient at the 0.01 and 0.001 probability levels, respectively. NS, not significant at the 0.05 level.
findings of Aggarwal et al. (1997) ments. The larger genotypic differences in 1997 than in 1996 were due to the larger differences between the two denso classes in 1997. Among 94 RILs, 47 belonged to the short denso class and the other 47 to the tall denso class. In 1997, yield of the short class (8.249 t ha Ϫ1 ) was significantly higher (1.284 t ha Ϫ1 ; P Ͻ 0.001) than the tall class. In 1996, the yield difference between the two classes was very small (0.185 t ha Ϫ1 ; P ϭ 0.055). This indicates that the yield advantage of dwarfing genes is more fully expressed in high-N environments. The advantage of the short genotypes in high-N environments was due at least in part to their greater resistance to lodging compared with the tall ones, which lodged heavily in 1997. A further experiment would be needed to explore the extent to which the short class could have an advantage over the tall class if the latter had not lodged in high-N environments.
Model Performance

Fig. 2. Comparisons between observed and simulated values of (A ) shoot biomass, (B ) leaf area index (LAI), and (C ) grain yield of
Of the 10 parameters determined, relative growth rate stem reserves did not differ significantly among genotypes (P Ͼ 0.05). The use of measured values for these gests that inaccuracies obtained at each modeling step accumulated, resulting in greater inaccuracy in preparameters created great noise in predicting yields (data not shown). Therefore, across-genotype means were dicting final biomass. The model explained 37.8% of the variation in final yield (Fig. 2C ), but the use of used in the model (0.0148 for relative growth rate of leaf area, 0.45 for fraction of reserves in leaves, and 0.30 observed LAI did not improve yield prediction (result not shown). for the fraction in stems.)
Model performance in predicting total shoot biomass, For simulating yield in the 1996 experiment, first, all parameter values (except LNC) established from the LAI, and yield in 1997 is shown in Fig. 2 . For biomass measured at different stages, the model did not predict 1997 experiment were used. Because LNC in 1996 differed between replicates for a given genotype, simulathe genotypic differences accurately (Fig. 2A) . This could be due to inaccurate simulation of LAI (Fig. 2B) .
tion was conducted on individual replicate basis with measured LNC as input. The model accurately predicted When observed LAI was used as inputs, the model better simulated biomass production for stages before matime to flowering in 1996, but considerably overestimated time to maturity (results not shown). This could turity (Fig. 3) , but the explained percentage of observed variability gradually decreased with DS. This trend sugbe due to the difference in plant N status between the two years, because Post-F depends on plant N status as a result of N translocation from vegetative organs to meet N requirement for grain growth (Sinclair and de Wit, 1975) . In the subsequent simulation, observed Post-F was used as input to avoid any artifacts induced by inaccurate simulation of maturity dates. Model performance with the observed Post-F of 1996 is given in Fig. 4 . The model considerably overestimated LAI (Fig.  4A ). This could be due to differences in SLA between years (Fig. 5) , perhaps because leaves are thicker in a lower-N environment (Grindlay, 1997) . However, the model did not strongly overestimate biomass (Fig. 4B ) and final yield (Fig. 4C) . This is because effects of overestimation of LAI were canceled out by effects of underestimation of leaf photosynthesis, which is related to SLA. For shoot biomass measured at different times, model assessments showed similar results as in 1997. For yield, the model explained 25.8% of observed variation (Fig. 4C) . To identify the traits that determine yield potential, effects of individual model parameters on yield were of the traits. The denso gene affects a large number of analyzed using the 1997 data, because yield potential of agronomic traits (Powell et al., 1985) . Our results suggenotypes was more fully realized in 1997. Simple singlegest that physiological model-input traits are associated factor regression based on data of all genotypes (Table  with the denso gene as well, as confirmed by our genetic 2) revealed that yield correlated strongly and positively mapping study (Yin et al., 1999) . with Pre-F, FP leaf, DS ϭ 0.475 , and FP spike, DS ϭ 1.15 , slightly with Because the denso gene largely determined lodging Post-F, and negatively with LNC at flowering. No correoccurrence in 1997 and lodging score correlated strongly lation was found with SLA at flowering.
with Pre-F, FP leaf, DS ϭ 0.475 , and FP spike, DS ϭ 1.15 (r ϭ Ϫ0.89, The strong positive relationship of yield with Pre-F, Ϫ0.82, and Ϫ0.61, respectively; P Ͻ 0.001), regression FP leaf, DS ϭ 0.475 , and FP spike, DS ϭ 1.15 is likely caused by the was conducted relating yield to each parameter using denso gene, as the significance of correlation became very lodging score as a covariate (Table 3) . When the effect minor or even disappeared when the analysis was conof lodging was included in the regression model, yield ducted separately for each denso class (Table 2) . Within correlated significantly only with Pre-F and FP spike, DS ϭ 1.15 . genotypes with the dwarfing denso allele, yield increases Effects of individual traits on yield were further anaonly slightly in response to Pre-F and FP spike, DS ϭ 1.15 . Within lyzed using SYP-BL. Simulations showed that the model explained 53.6% of yield variation when only observed the group of tall genotypes, yield correlated with none 
.7 † The plus symbol indicates the parameter for which the measured genotype-specific value was used; the minus symbol indicates the parameter for which the across-genotype mean value was used in the model. an accurate modeling of kernel formation and other sink-related processes (Bindraban, 1997) . lodging score was used in the model while fixing all other parameters at their respective across-genotype means (Table 4) . Subsequently, other parameters were input CONCLUSIONS in the model. Yield variation explained by the model was improved only when genotype-specific values for
This study explored the ability of a crop model to explain yield differences among diverse genotypes in Pre-F or FP spike were used in the model. Use of genotypespecific values of other parameters reduced the percentan RIL population of spring barley, and analyzed the physiological basis of these differences. The following age of model's explanation, indicating that these traits were not responsible for yield differences among genoconclusions were formulated. 1. The denso dwarfing gene segregating in the populatypes at high N inputs. Best model performance was achieved when averaged values for Post-F, SLA, LNC, tion was a major factor causing yield differences among genotypes. The advantage of short denso genotypes and FP leaf and genotype-specific values for lodging, Pre-F, and FP spike were used, explaining 64.7% of yield variawas expressed most strongly in high-N environments. This gene largely determined lodging occurrence in tion (Table 4) .
The above results show that single-factor regression high-N environments, and it affected some physiological model-input traits, including Pre-F, FP leaf , and FP spike . overestimated the role of individual traits. The relative importance of these traits identified by regression using 2. Besides lodging, the two most important modeled traits to explain yield differences at high N levels were lodging as a covariate, however, agreed well with the results obtained from the SYP-BL model analysis. The Pre-F and FP spike , which directly and positively affected yield. Other traits, including Post-F, LNC, SLA, and SYP-BL model relates traits to yield in an ecophysiological way and considers interactions among growth pro-FP leaf , did not affect yield potential, since use of their measured genotype-specific values reduced accuracy of cesses and nonlinear responses of these processes to environments; the regression analysis does not. Overall, the model's yield prediction compared with the use of their across-genotype means. These conclusions from source-related parameters, determining LAI and leaf photosynthesis, were not important. The negative remodeling analysis were similar to those obtained from multiple regression analysis. When measured values of sponse of yield to LNC contradicts the expectation that high leaf N gives high yields by favoring a high photosynlodging, Pre-F, and FP spike were used in the model with other parameters fixed at their across-genotype means, thesis. When leaf N is at a high level, as was the case in 1997, N does not limit yield and yield may not be the model explained 65% of yield variation among genotypes. affected by N uptake.
A strong positive effect of Pre-F and a small effect 3. One difficulty in using crop models to explain genotypic differences is that parameters of current models of Post-F on yield were also reported by Dofing (1997) , based on a path analysis of data for 24 barley cultivars. may vary with environment. Two parameters (Post-F and SLA) varied with plant N status. For example, SLA, Dofing (1997) indicated that the importance of Pre-F was due to its strong association with kernel number an important parameter for estimating both leaf photosynthesis and LAI, was lower in the year of low N inputs per unit area (sink), as long Pre-F provides sufficient time for spike differentiation. Our data support this (Fig. 5) . Therefore, the model using SLA values as measured in high-N environments was not capable of preassociation between Pre-F and kernel number per unit area (r ϭ 0.77, P Ͻ 0.001). The role of Pre-F was identidicting the growth of crops with low N inputs although the measured LNC was used. To better assist breeding fied here with the SYP-BL model, however, which does not account for kernel formation. The results indicate programs, models have to be improved such that their parameters are solely genetically determined. that this process should be added to the model. However, current physiological understanding does not allow 4. Most current crop models simulate yield as deter- 
